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a b s t r a c t
Forest cover loss is a major cause of both the decline in global biodiversity and the increase
in carbon emissions into the atmosphere. Focusing on the effects of logging, this study
introduces an index ofwoodproduction, the forest harvest index (FHI),which calculates the
expected gross forest cover loss (GFCL) reflecting thedemand for timber andwoodproducts
at the global scale. We examined the accuracy and precision of the index by investigating
the relationship between the FHI and actual GFCL measured through remote sensing. The
index incorporates wood- and climate-specific biomass expansion factors and country-
specific growing stock densities to convert wood production volume to expected GFCL.
We quantitatively examined the effect of data uncertainty in the growing stock density
values obtain from FRA 2010 on the predicted relationship between the FHI and actual
GFCL. We quantified the FHI for both industrial roundwood and wood fuel during a 5-year
period (FY2000–FY2004) in each of the 139 nations considered. Results demonstrated that
the FHI of industrial roundwood (18.6 million ha yr−1) corresponds well to actual GFCL
(19.3 million ha yr−1) during the same period. The data uncertainty analysis suggested
that increasing the frequency of forest monitoring at the national level can improve the
precision and accuracy of the FHI, but discrepancies between the FHI and actual GFCL were
also identified. Furthermore, to demonstrate the utility of our index as a metric of virtual
GFCL of wood products, we disaggregated the FHI into export, import and domestic based
on global wood trade data and compared the strength of the relationship with actual GFCL.
Export FHI had a strong positive relationship with GFCL, which effect far exceeded the
compensating effect of import FHI, indicating that wood trade overall increased GFCL at
the global scale.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
Over the past several centuries, humanity has increasingly altered the terrestrial biosphere, leaving only the most
remote areas untouched (Ellis et al., 2012). Human activities appropriate nearly one fourth of potential net primary
productivity through harvest and changes in land use/land cover (Haberl et al., 2007). This proportion is expected to increase
given projections of human population growth. Anthropogenic impacts on the global environment have caused a global
biodiversity crisis and the erosion of numerous ecosystem services (Foley et al., 2005; Rockströmet al., 2009). Understanding
the relationship between extractive resource production and the alteration of the land surface is essential in developing
long-term strategies to preserve the natural environment and sustain the resources fundamental to humans.
Forest ecosystems are amongst the most pristine natural ecosystems on earth (Potapov et al., 2008a,b). Forest cover
has been used as a proxy for forest biodiversity (Butchart et al., 2010) and for estimating carbon emissions from the forest
sector (Hirata et al., 2012; Miles and Kapos, 2008). Forest cover can be lost temporarily through timber harvests or for a
prolonged period through the conversion of forests for other land uses. The latter, defined as deforestation, has been the
focus of international policies (Rosenqvist et al., 2003). Although less weight is given to the temporal losses of forest cover
in the policy arena, it can also significantly impact forest biodiversity and carbon dynamics (Gibson et al., 2011; Hirata et al.,
2012). Different agents are usually responsible for temporal forest cover loss and deforestation (e.g., loggers vs. farmers and
ranchers). However, the effect of these activities are closely related as logged forests are more prone to land conversion
than intact forests (Asner et al., 2006), not to mention that logging can also cause deforestation (Abood et al., 2015; Geist
and Lambin, 2002; Rudel et al., 2009). In this study, we focus on gross forest cover loss (GFCL) which includes both temporal
forest cover loss and deforestation (Hansen et al., 2010; Rosenqvist et al., 2003).
Given the increase in the international trade ofwood commodities (Erb et al., 2009), forest cover dynamics and associated
environmental impacts in one country are increasingly affected by the consumption of wood products in another (Mayer
et al., 2005; Meyfroidt et al., 2013; Mills Busa, 2013). Calculating the expected GFCL of wood production and comparing that
to actual GFCLmeasured through remote sensingmight be a good starting point to evaluate the land cover impacts of logging.
The extent of forest area affected by wood production is often available from forestry databases in countries with effective
forest monitoring schemes (Masek et al., 2011), but this data is not available for every country and lacks the connection
with wood consumption. For the calculated metric to have a consumer perspective, it should be able to evaluate the virtual
GFCL embodied in wood products. In other words, the index should be based on data that can relate wood production and
consumption.
In this study, we propose an index named the forest harvest index (FHI) that calculates the gross loss of forest area
reflecting the demand for wood products. Since the index does not consider whether forest cover returns after harvest, it
represents expected GFCL as a result of logging. Wood products can be categorized into industrial roundwood (including
derived products) and wood fuel. The majority of industrial roundwood is harvested through large-scale operations,
while household-level harvests are common for wood fuel especially in developing countries (Furukawa et al., 2011;
Naughtontreves et al., 2007). Because our calculation assumes the removal of most aboveground biomass from an area
during wood extraction (i.e., clear-cut harvest), we hypothesized that the FHI of industrial roundwood would be a stronger
indicator of GFCL than the FHI of wood fuel. Furthermore, since the validity of global indices summarizing complex human
activities might be constrained by the availability and quality of data for calculation (Blomqvist et al., 2013), we examined
whether data quality affects our results. We tested these hypotheses by comparing the FHI of industrial roundwood and
wood fuel against actual GFCL based on remotely sensed data. Finally, to demonstrate the applicability of the index from a
consumer perspective, we incorporated data from a bilateral wood trade analysis (Kastner et al., 2011a), and testedwhether
wood trade might exacerbate or curb GFCL at the global scale.
2. Materials and methods
Data on actual gross forest cover loss (GFCL) for each country between 2000 and 2005 (a five year total) was obtained
from Hansen et al. (2010). GFCL was estimated at a resolution of 18.5 by 18.5 km based on regression estimators between
Landsat and MODIS. Data on the production of industrial roundwood and wood fuel in roundwood-equivalent volumes by
wood type (conifer/non-conifer) were obtained from FAOSTAT (http://faostat.fao.org/) for all available countries during the
corresponding five years (FY2000–FY2004).
The forest harvest index of country i (FHI i; ha) was calculated as
FHI i =

jk

Vijk · BEF k/Dij

(1)
where V is the volume of wood produced (either industrial roundwood or wood fuel; m3), BEF is the biomass expansion
factor (unitless), and D is growing stock density (m3 ha−1). Subscripts j and k depict year (from FY2000 to FY2004) and
wood type (i.e., conifer and non-conifer) under each climatic zone (i.e., boreal, temperate, and tropics), respectively. The BEF
is the ratio between roundwood volume and the aboveground biomass of an entire tree, including its branches and leaves,
and is usually calculated from volume-yield relationships using proposed equations (Schroeder et al., 1997). We adopted
default BEF values to use in connection with growing stock data for each climate andwood type from the IPCC good practice
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Table 1
Biomass expansion factors (BEFs) used for the calculation of the forest harvest index
(FHI). Default values were adopted from the IPCC good practice guidance (Penman
et al., 2003), except for tropical non-conifer industrial roundwood where the value
for eucalyptus plantations was adopted from Teobaldelli et al. (2009).
Climatic zone Wood type BEF
Boreal Conifer 1.35
Non-conifer 1.3
Temperate Conifer 1.3
Non-conifer 1.4
Tropical Conifer 1.3
Non-conifer (industrial) 1.274
Non-conifer (wood fuel) 3.4
Table 2
The uncertainty criteria assigned to each country for each uncertainty term of the growing stock density data. The focuswas given to
the data used for the FRA reporting years 2000 and 2005 (i.e., target years) which we used for FHI calculation. The four uncertainty
levels are in relative scale within each uncertainty term, and are not meant for comparison between different terms. Target periods
were defined as 1998–2002 and 2003–2007 (i.e., plus or minus 2 years of each target year). Both the upper and lower self-reported
data quality were recorded as some countries incorporate multiple sources of data with different quality levels. The terms in italic
correspond to the uncertainty terms shown in Table 4.
Level of
uncertainty
Self-reported data quality
(qualityU/qualityL)
Year of original data (year) Method of data compilation (method)
1 High Original data available for
both target periods.
Values were directly adopted from the
source(s).
2 Medium Original data available for
one of the target periods.
Values were estimated in a way that
accounts for temporal change
(e.g., linear
interpolation/extrapolation).
3 Low Original data did not cover
the target periods.
A single value was applied to both
target years.
4 Information not available Information not available. Information not available.
guidance (Penman et al., 2003) (Table 1). An exception was made for the BEF of tropical non-conifer industrial roundwood,
in which the value of eucalyptus plantations (Teobaldelli et al., 2009) was adopted for its significant and growing share
in tropical forest plantations (ITTO, 2009). To obtain a rough estimate of the share of wood produced from each climatic
zone, we calculated the proportion of forest under each climate in each country based on terrestrial ecoregions of the world
(Olson et al., 2001). Among the 139 countries analyzed, 116 (83%) had forests belonging to a single climatic zone. Two
countries, China and the US, had forests under all three zones, but they were predominantly temperate forests (69% and
91%, respectively). Growing stock density is the volume of standing trees per unit area and we used country-specific values
from the Forest Resources Assessment (FRA) 2010 (FAO, 2010). Because growing stock density can change over time, the
values between the reported years (2000 and 2005) were linearly interpolated to account for temporal changes over the
study period. When density values were missing, values from earlier FRA reports (FAO, 2000, 2005) were used. Growing
stock density is usually estimated from tree measurements made in representative forest stands in each country, but the
richness and quality of data vary across countries (FAO, 2010). To analyze the effect of uncertainties in the growing stock
density values, we referred to the country reports of FRA 2010 and collected four types of information: upper and lower
self-reported evaluation of the original data quality (qualityU and qualityL, respectively), the year when the original data
was surveyed or reported (year), and the method of data compilation (method) (Table 2). Four levels of uncertainty were
assigned to each country for each uncertainty term based on our criteria. The uncertainty levels are in relative scale within
each type of data uncertainty, and level one of qualityU, for example, does not correspond to level one of qualityL, year, or
method.
The relationships between satellite-based GFCL and the FHI of the production of industrial roundwood, wood fuel, and
the total of the twowere first examined by correlation analyses. Then, focusing on the FHI of industrial roundwood, themost
correlated variable (see Results), we further examined its relationship with GFCL using a Bayesian hierarchical modeling,
in which we quantitatively estimated the effect of data uncertainty. In other words, we hypothesized that the relationship
between FHI and GFCL is affected by the uncertainty in growing stock density data reported at the national level in FRA
2010. We assumed that the log-transformed data for satellite-based gross forest cover loss (GFCL) in country iwould follow
a normal distribution. To consider data uncertainty, we assumed different variance σ 21,m for each data quality level m. The
level of m ranged from 1 (high quality) to 3 (low quality) and 4 (unknown) (see Table 2), and each uncertainty term (i.e.,
qualityU, qualityL, year, andmethod) was fitted separately in each model. We used upper-case for the variable names of the
observed data and lower-case for the variable names of the parameters to be estimated in the statistical model specified
below:
log (GFCLi) ∼ Normal

µi, σ
2
1,m

. (2)
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We assumed µi to be a function of log-transformed FHI of each country i. Also, to consider the uncertainty of the expected
value among data quality levels, we assigned a random factor rm to each data quality levelm. The rm was assumed to follow
a normal distribution with mean of zero and variance of σ 22 :
µi = β0 + β1 · log (FHI i)+ rm (3)
rm ∼ Normal

0.0, σ 22

(4)
where β0 is the intercept and β1 is the slope. Note that β0 and β1 indicate the precision and accuracy of the FHI to predict
GFCL, respectively. We used the Bayesian simulation-based method (Markov-chain Monte Carlo, MCMC) in WinBUGS 1.4
in combination with R release 3.1.1 (package R2WinBUGS). In order to compare model performances, we fitted a simpler
model without the uncertainty terms (i.e., σ 21 instead of σ
2
1,m and no rm) using the same settings. We assigned vague priors
for the parameters to be estimated. We used normal priors with a mean of zero and a variance of 1.04 for β0 and β1 and
used gamma distributions with shape parameters of 1.0−3 and 1.0−3 for the precision (i.e., 1/σ 2s ). For the estimation of the
model, we ran three chains of 100,000 MCMC iterations with 50,000 steps as the burn-in that was discarded as samples
before convergence. We sampled from the posterior distributions at every fifth MCMC iterations (i.e., five thin numbers),
which amounted to 10,000 posterior samples for each parameter for each chain. Convergence was assessed using the
estimates from the three chains by checking whether the R-hat indicator (Gelman and Rubin, 1992) of each parameter
had reached a value of approximately one. The importance of each uncertainty term was assessed by Deviance Information
Criterion (DIC) (Spiegelhalter et al., 2002), a Bayesian equivalent to Akaike Information Criterion (AIC). Smaller DIC values
represent a greatermodel fit while accounting for parsimony, and differences ofmore than 10 suggest essentially no support
for the poorer models (McCarthy and Masters, 2005). Additionally, the effect of data uncertainty was examined based on
variance σ 21,m, which value should increase with higher uncertainty levelm of growing stock density data if our hypothesis
is supported.
We further examined the effect of trade on the relationship betweenGFCL and the FHI. Data onwood tradewere obtained
from a trade flow analysis (Kastner et al., 2011a) that distinguishes exports of rawmaterials from production countries and
re-exports from countries where the last production step took place. The trade analysis by Kastner et al. (2011a) assumed
that a country’s wood consumption (and export) will originate in proportional shares from its own production and imports
(Kastner et al., 2011b). The forestry trade data on industrial roundwood (including derived products such as wood boards
and paper) were obtained from FAOSTAT, making the trade flow analysis compatible with our FHI calculation. The trade
flow analysis accounted for paper recycling by excluding the share of non-recovered paper from paper exports for each
country, and it did not include wood fuel because only a small fraction of it is internationally traded (Kastner et al., 2011a).
We assumed that all wood fuels were consumed domestically. Based on the trade flow data, the FHI of industrial roundwood
was disaggregated into three components: import, export, and domestic (Fig. 1). Hereafter, reference to import, export, and
domestic FHIs all indicate industrial roundwood and derived products. The relationships between GFCL of country i and the
FHIs of wood fuel (fuel) and industrial roundwood disaggregated into trade components (i.e., domestic, export, and import)
were analyzed using multiple linear regressions. The full model with all independent variables was defined as
GLCF i ∼ β2 + β3 · domestic i + β4 · export i + β5 · import i + β6 · fueli + εi (5)
where β2 is intercept, β3 to β6 are slopes, and εi is an error term. For each candidate model we calculated Akaike weight,
which is the normalized likelihood of a model in the set of candidate models and which value adds to 1 (Burnham and
Anderson, 2002). The relative importance of variables (IOV; values ranging from 0 to 1) was then obtained by adding
the Akaike weights of the models in which a variable was selected. We further performed model-averaged parameter
estimation with shrinkage (Burnham and Anderson, 2002). Prior to the analysis, the independent variables were tested
for multicollinearity using a variance inflation factor (VIF) where all variables had a VIF < 10 indicating low chances of
multicollinearity (Dormann et al., 2013). One hundred thirty nine countries were statistically analyzed using R version 3.1.2
(R Core Team, 2015).
3. Results
The wood volume produced during the five-year period (FY2000–FY2004) in the 139 countries examined totaled
7.98 billion m3 (1.60 billion m3 yr−1) and 8.95 billion m3 (1.79 billion m3 yr−1) for industrial roundwood and wood fuel,
respectively. We estimated the FHI of these productions as 93.0 million ha (18.6 million ha yr−1) and 381.1 million ha
(76.2 million ha yr−1) for industrial roundwood and wood fuel, respectively. The total GFCL (based on Hansen et al., 2010)
of the same set of countries during the same period was 96.6 million ha (19.3million ha yr−1). The correlation coefficients r
between remotely sensed GFCL and the FHI of industrial roundwood, wood fuel, and their total were 0.76 (P < 0.001), 0.08
(P = 0.34), and 0.27 (P < 0.05), respectively. The results on annual average production volume (m3 yr−1), FHI (ha yr−1),
and GFCL (ha yr−1) are summarized by region in Table 3, and a full list of countries is provided in Table S1. At the regional
level, the FHI of industrial roundwood largely exceeded GFCL in the Middle East and North Africa as well as in South Asia,
while it was lower in both the Latin American and Caribbean region and in Sub-Saharan Africa. The FHI of wood fuel was
smaller than the GFCL in Europe and Central Asia, as well as in North America, but tended to bemuch larger in other regions.
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Fig. 1. An illustration of the disaggregation of FHI of industrial roundwood into trade components (i.e., domestic, export, and import). The production of
country i is composed of domestic i and export i , while consumption is composed of domestic i and import i . Total export of all countries equals total import,
and total production equals total consumption. Domestic production and consumption (domestic i) represent the flow within a country.
Table 3
A summary of production volume (m3), forest harvest index (FHI; ha), and gross forest cover loss (GFCL; ha) of industrial roundwood and wood fuel by
region.
Region No.
countries
Production volume (m3 yr−1) Forest harvest index (ha yr−1) Gross forest cover
loss (ha yr−1)
Industrial
roundwood
Wood fuel Industrial
roundwood
Wood fuel
East Asia and Pacific 18 235,321,673 430,201,411 3,591,641 14,612,845 2,956,212
Europe and Central Asia 39 499,603,162 136,996,557 5,379,924 1,542,746 3,993,927
Latin America and
Caribbean
26 164,303,908 269,652,072 1,361,581 6,653,713 4,844,060
Middle East and North
Africa
11 2,310,708 34,160,541 74,175 747,118 11,574
North America 2 605,822,640 47,145,287 6,332,234 479,054 5,555,495
South Asia 7 26,495,060 374,527,404 593,777 16,737,733 242,074
Sub-Saharan Africa 36 62,133,689 496,443,195 1,258,901 35,454,033 1,717,979
Total 139 1,595,990,842 1,789,126,467 18,592,232 76,227,242 19,321,321
Table 4
TheBayesian simulation results for the relationship betweenGFCL and FHI of industrial roundwood (both log-transformed)with different uncertainty terms
(in italic). Each model considered one of the uncertainty terms defined in Table 2, except for model 5 which had no uncertainty term. The median and 95%
confidence intervals of estimated coefficients (β0 and β1), the model fit represented by DIC, and the variance (σ 21,m) associated with each uncertainty term
for each levelm (1–4) are shown.
Model Uncertainty term DIC Intercept (β0) Slope (β1) Variance (σ 21,m)
Median 2.5% 97.5% Median 2.5% 97.5% Level 1 Level 2 Level 3 Level 4
1 qualityU 531.1 2.64 1.21 4.05 0.77 0.65 0.89 1.95 4.77 3.56 2.39
2 qualityL 534.6 2.83 1.34 4.30 0.75 0.63 0.87 2.01 4.07 2.99 2.37
3 year 523.8 1.59 0.13 3.06 0.85 0.72 0.97 0.96 2.64 3.84 4.30
4 method 518.8 1.45 −0.11 2.96 0.85 0.72 0.96 0.85 1.05 3.54 3.87
5 none 535.3 2.72 1.30 4.12 0.75 0.63 0.88 – – – –
TheBayesian simulation results on the relationship betweenGFCL and the FHI of industrial roundwood are summarized in
Table 4. A comparison of DIC values indicated important improvements inmodel fit whenmodels accounted for themethod
of data compilation (method) and coverage of target periods (year). Accounting for self-reported data quality (qualityU and
qualityL) did not improve model fit compared to the model without any uncertainty terms. Accounting for method and
year also improved both the precision and accuracy of the FHI to predict GFCL, as the intercept and slope approached (or
overlappedwith) 0 and 1, respectively. Additionally, the estimated variance σ 21,m increased with higher levels of uncertainty
associated with growing stock density data inmodels accounting formethod and year. The uncertainty termmethod showed
the greatest improvements in model fit and precision among all models considered, and its predicted relationship between
GFCL and the FHI of industrial roundwood is shown in Fig. 2.
The averaged model on the relationship between GFCL and the FHI of wood trade is summarized in Table 5. Based on
the IOV values, export and domestic FHIs had the highest relative importance, followed by import FHI. Wood fuel FHI was
considerably less important than the other variables as indicated by its low IOV value. In the averaged model, the FHIs
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Fig. 2. The predicted relationship between FHI and GFCL (both log-transformed) based on the Bayesian simulation accounting for the method of data
compilation (method).
Table 5
The model averaging results for the relationship between gross forest cover loss (GFCL; ha) and
forest harvest indices (FHIs; ha) of wood fuel and industrial roundwood disaggregated into trade
components. The relative importance of variables (IOV), average coefficients, standard errors (SE),
and P-values are shown.
Variable IOV Estimate SE P-value
Intercept – 1.43× 105 1.30× 105 0.272
FHI domestic 1.00 0.797 0.153 <0.001***
FHI export 1.00 1.535 0.145 <0.001***
FHI import 0.93 −0.668 0.314 0.035*
FHI wood fuel 0.27 −0.001 0.008 0.938
* P < 0.05.
*** P < 0.001.
of export and domestic had significantly positive slopes, and the former had a larger value. The slope of imported FHI
was significantly negative. The averaged model thus suggested that exported FHI was linked to higher levels of GFCL and
imported FHI to lower levels. The correlation between the FHI of export and import was weak (r = 0.150, P = 0.08),
indicating minor polarization between wood importers and exporters. The top exporters and importers of FHI of industrial
roundwood are summarized in Table 6. Top exporters were from North America and Scandinavia in addition to Russia, but
some tropical countries such as Indonesia and Brazil were also among them. Major importers were the US as well as East
Asian and European countries, most of which were categorized as high income countries. Only the US ranked as both a top
importer and a top exporter.
4. Discussion
In this study, we proposed and calculated the forest harvest index (FHI), which was defined as the expected gross forest
cover loss (GFCL) reflecting the demand for wood products. The values of the FHI of industrial roundwood and remotely
sensed GFCL were found to be on a comparable scale (i.e., the ratio being 0.96), and we also found a significant relationship
between the two. This suggested that clear-cut harvests of industrial roundwood, represented by the use of growing stock
density in the FHI, have a strong relationshipwith global GFCL. On the contrary, theweak and out-of-scale relationship (ratio
of 3.95) between the FHI of wood fuel and GFCL suggested that the assumption of clear-cut harvest is not suitable to predict
the expected GFCL of wood fuel production as hypothesized.
Simple global metrics that summarize complex human activities are often criticized for their failure to account for biases
and gaps (Blomqvist et al., 2013), and the FHI is no exception. One of the important sources of our calculation, the FRA (FAO,
2010), is accepted as an authorized source, but it has also been criticized for inconsistencies and inaccuracies in reported
values (Grainger, 2008; Whiteman et al., 2002). We suspected that growing stock density, sourced from FRA 2010, could be
affected by differences in countries’ capacities to monitor their forest stocks, and we found this to be true. The predicted
relationship between GFCL and the FHI of industrial roundwood improved when the method of data compilation and
coverage of target periods, rather than self-reported data qualities, were taken into account. The increase in variance with
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Table 6
List of countrieswith largest forest harvest index (FHI) of export and import of industrial roundwood.
Rank Country Income groupa FHI (ha yr−1)
Export
1 Canada High 1,890,423
2 Russia Upper middle 842,709
3 Finland High 506,912
4 Sweden High 449,796
5 US High 445,795
6 Indonesia Lower middle 227,500
7 Australia High 224,192
8 Portugal High 143,545
9 Brazil Lower middle 132,235
10 South Africa Upper middle 121,117
Import
1 US High 1,483,669
2 Japan High 834,571
3 China Lower middle 683,083
4 UK High 379,933
5 Italy High 332,360
6 Germany High 306,181
7 South Korea High 240,954
8 France High 203,725
9 Mexico Upper middle 202,513
10 Spain High 170,349
a Income group was based on the World Bank’s analytical classifications for FY2004 based on GNI
per capita in USD (World Bank, 2014).
greater uncertainty levels in method and year also supported the idea that these are important sources of uncertainty. The
uncertainty terms method and year were presumed to be related to data richness: the more frequently a country conducts
a forest inventory, the higher the chances of choosing a better method to compile the data and of obtaining data close to
the FRA reporting years. National forest inventories are becoming increasingly important not only to formulate national
forest policies, but also to address the needs of global environmental policies such as REDD+ (reducing emissions from
deforestation and forest degradation) (Romijn et al., 2012). Our results suggested that to increase the utility of FRA data
for global analyses, ensuring continuous forest monitoring would be more promising than collecting high quality data at a
single time point.
Nevertheless, gaps between the FHI of industrial roundwood and GFCL on a regional or a country-by-country basis were
still apparent. The FHI values were generally larger than GFCL in arid regions where forests are sparse. Lands other than
forests (i.e., those categorized as woodlands) might be important sources of wood in these regions, or the thresholds for
forest cover and height used in remote sensing analysis could have been too high to detect the relatively sparse forests
(Hansen et al., 2010). On the other hand, the FHI tended to be lower than GFCL in the humid tropics, especially in Latin
America and the Caribbean, and Sub-Saharan Africa, in addition to Indonesia, where agriculture has been recognized as
a strong driver of forest cover loss (DeFries et al., 2010; Malhi et al., 2008; Morton et al., 2006). The high rate of illegal
logging in these countries (Lawson and MacFaul, 2010; Seneca Creek Associates, 2004) might also contribute to lowering
the FHI values calculated from official production statistics. Countries with highly productive forestry industries, especially
in northern Europe (e.g., Sweden, Finland, Denmark), generally had FHI values larger than GFCL. The use of national growing
stock density values could have inflated the FHI values because the harvests might be concentrated on forest stands with
growing stock densities higher than the national averages. However, this does not apply to every country. For example, the
average harvest intensity in the US and Canada were about 110 m3 ha−1 (Masek et al., 2011), while the national average
growing stock density values we used were approximately 140 m3 ha−1 and 106 m3 ha−1, respectively. The gaps between
the FHI andGFCL in theUS and Canada could be attributed to other reasons. In theUS, the annual FHI of industrial roundwood
was more than double that of the area under clear-cut harvests during the same period (Masek et al., 2011). The high share
of industrial roundwood produced through partial harvests (Masek et al., 2011) might explain this gap since partial harvests
are harder to detect through remote sensing and could thus inflate the FHI values relative to GFCL. In Canada (and Russia),
where the FHI values were lower than GFCL by more than one million hectares annually, approximately the same area has
been lost through forest fires during the same period (FAO, 2010). Thus, the omission of natural disturbances from GFCL is
a potential source of gap between the FHI and GFCL.
In contrast to industrial roundwood, the FHI of wood fuel did not correspond well with GFCL. Although some countries
are increasing their industrial-scale wood fuel harvests (Bohlin and Roos, 2002), hand collection by low-income households,
which has less effect on forest cover, is prominent in developing countries (Furukawa et al., 2011), where the majority of
wood fuel is produced (FAO, 2010). The use of growing stock density, which assumes clear-cut harvest, is therefore not
appropriate for the FHI of wood fuel. Additionally, unlike industrial roundwood, accurate statistics of the production of
wood fuel are unavailable for many countries (FAO, 2010), and the sparse data in FAOSTAT have been supplemented with
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past trends and estimates based on outdated assumptions (Whiteman et al., 2002). The fact that trees outside of forests are
important sources of wood fuel (FAO, 2010; Pote et al., 2006) also undermines the relationship between GFCL and wood
fuel production. However, considering the fact that countries with a high demand for wood fuel (e.g., those in Sub-Saharan
Africa) (Mohammed et al., 2015; Naughtontreves et al., 2007) had industrial roundwood FHI values that were generally
lower than GFCL, creating an FHI metric designed specifically for wood fuel could be an important way to account for GFCL
originating from wood production in these regions.
The incorporation of the trade flow analysis (Kastner et al., 2011a) into the FHI demonstrated the utility of the FHI as
an index related to embodied impacts of wood products. Our trade analysis was characterized by the use of a common
unit, forest area in hectares, in both dependent and independent variables, and the estimated regression coefficients can be
interpreted as if they were ‘‘conversion ratios’’ between FHIs and GFCL. The averaged model reinforced the notion that
the FHI of industrial roundwood, but not of wood fuel, is a good predictor of GFCL. FHI of export was associated with
greater GFCL, nearly double of that of the FHI for the same unit of domestic FHI. Imported FHI reduced GFCL in importing
countries, but that was rarely compensated for at the global level because of the high ‘‘conversion ratio’’ for exported FHI.
In other words, high-income importer countries are saving their forest cover by trading off that of other countries, at least
temporarily. The likelihood of the permanence of forest cover loss (i.e., deforestation) caused by wood extraction varies
among exporters. For example, net changes in forest area have been balanced in North America and Scandinavia (FAO,
2010; Masek et al., 2011), while Indonesia and Brazil have experienced rapid deforestation (Abood et al., 2015; Achard et al.,
2002; Malingreau et al., 2012). Given the remote responsibilities of high-income importers, national and international land
use policies that acknowledge the teleconnection between remote geographic areas have become increasingly important
(Meyfroidt et al., 2013). Eradicating illegal timber, a strong driver of deforestation, from the market (Moiseyev et al., 2010),
promoting sustainable timber products (Clark and Kozar, 2011), and providing support for REDD+ in developing countries
(Miles and Kapos, 2008) are some of the policy options a country could take to prevent gross forest cover loss from becoming
permanent. However, countries should also recognize the shortcomings of such policies, given that wood consumption by
high income countries is the core driver of deforestation (Mills Busa, 2013).
While estimating detrimental environmental impacts (e.g., carbon emissions and biodiversity loss) embodied in wood
products is not the scope of this study, the FHI could be perceived as a good starting point in relating those impacts to
wood products through GFCL. The significant relationship between the FHI of industrial roundwood and remotely sensed
GFCL (original data provided as amap) suggested the possibility to incorporate spatially explicit analyses using GIS in future
studies. However, such analyses should be paralleled with methodological improvements of the index. If we consider the
current method as the first tier applicable at the global scale reflecting data availability, the second tier would be to account
for the discrepancies identified at the regional or national level. Given the geographic variation and shifting trends in forestry
practices (Asner et al., 2005; ITTO, 2009;Masek et al., 2011; Siry et al., 2005), accounting for the difference inmodes of harvest
(i.e., clear-cut harvest vs. partial harvest) would be important at this level. Estimating the GFCL of wood fuel extraction that
had a large regional variation might have to start from the second tier, but developing a metric of forest degradation caused
by wood fuel harvests might be more important in developing countries (Naughtontreves et al., 2007; Specht et al., 2015).
The third tier could incorporate differences within a country, such as the geographic variation in growing stock density
(Kindermann et al., 2008) or harvest intensity (Masek et al., 2011), skewed distribution of protected areas (Jenkins and
Joppa, 2009) or other forest management zonings, and production from different forest types (i.e., primary, secondary, and
plantation). Suchmethodological progresswould be crucial to answermore specific and detailed research questions through
the use of the FHI.
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